Image registration of medical images in the presence of large intra-image signal fluctuations is a challenging task. Our paper addresses this problem by introducing a new concept based on the structure tensor of the local phase. The local phase is calculated from the monogenic signal representation of the images. The local phase image is hardly affected by unwanted signal fluctuations due to a space-variant background and a space-variant contrast. The boundary structure tensor combines the responses of edges and corners/junctions in one tensor, which has several advantages, compared to other structure tensors. We reorient the structure tensor during the registration by means of the finite-strain technique. The structure tensor is only calculated once during a preprocessing step. The results demonstrate that the proposed method effectively deals with large signal fluctuations. It performs significantly better than competing techniques.
INTRODUCTION
Image registration is widely used for finding correspondence between medical images. The sum of squared differences (SSD), normalized cross covariance (NCC) and mutual information (MI) 1, 2 are standard (dis)similarity metrics used to measure correspondences. However, these metrics do not consider the local image structure, which may influence the robustness of non-rigid registration 3 . Several methods have integrated features of the local structure into the similarity metric 3, 4, 5 to improve the registration performance. Alternatively, the so-called MIND 6 , DRAMMS 7 and ROHE 8 techniques determine structural properties of image patches and apply a simple (dis)similarity metric (e.g. SSD).
However, none of the aforementioned methods is well designed for images with large intra-image signal fluctuations. These signal fluctuations are often observed in medical images (e.g. the bias field in magnetic resonance imaging) and introduce "uncharacteristic" information. Accidentally treating this "uncharacteristic" information as local structure may give rise to incorrect registration.
We encountered this problem upon registering three-dimensional Dynamic Contrast Enhanced MR images-to postcontrast abdominal MRI data for quantifying Crohn's disease activity. This is relevant since the two modalities contain complementary information and both suffer from large signal fluctuations 9 . We present a new, efficient structure representation based on the Structure Tensor of the lOcal Phase (STOP) in order to overcome the problem with the signal fluctuations. The local phase is derived from the monogenic signal representation of the image 10 , which is insensitive to signal fluctuations. Furthermore, the structure tensor is a well-known concept representing the image structure.
The registration results will demonstrate that this new approach outperforms other structure-based methods. 
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in which i denotes the scale. In our work, we use a log-Gabor filter, because it is a zero-DC filter with a tunable bandwidth. An example of a local phase image calculated from an image (Figure 1(a) ) is shown in Figure 1 (b). Observe that the local phase is invariant to intensity distortions.
Structure tensor and STOP representation
The structure tensor is often used for characterizing the local image structure. Several types of structure tensors were proposed for different applications. We choose the boundary tensor 12 for our registration framework. The boundary tensor is defined as 1 4
where o T and e T are tensors representing the odd and even image structures respectively. Effectively, this method integrates edge and corner/junction detection into a single tensor representation. Since the odd and even components of the tensor are by definition in quadrature, a boundary tensor implicitly allows us to incorporate all relevant structural information -edges (odd) and lines (even) -into a single tensor.
The so-called STOP representation for images is obtained by first deriving the local-phase image via (2), after which the structure tensor (3) of the local-phase image is computed.
Structure tensor reorientation
Tensor reorientation has already been incorporated into the registration of diffusion tensor images 13 . It is used to adjust the tensor orientation during registration. Similar to diffusion tensor reorientation, we can also adapt the structure tensor 
METHODOLOGY

Monogenic signal and local phase
The mean phase of a multi-dimensional image is derived from the monogenic signal 10 . Essentially, the monogenic signal during registration. A standard way to do so is the finite strain (FS) strategy. FS computes a rigid rotation matrix from the deformation gradient as follows:
where ( ) R x is the rotation matrix in a pixel and ( ) J x the Jacobian matrix associated with the geometric transformation at pixel x . Then, the structure tensor ( ) T x is reoriented by:
where ( ) T ′ x is the reoriented structure tensor. Incorporating this reorientation strategy into the registration framework allows us not only to improve the registration by incorporating structural information, it may also reduce the computational complexity because the structure tensor only needs to be calculated once during the preprocessing stage.
Registration framework
Since the STOP representation is invariant to local signal fluctuation, we can use the Frobenius norm to calculate a dissimilarity metric based on this tensor representation:
where f T and m T are tensor representations of respectively the fixed and moving images and m u is the deformation field for each pixel. Gauss-Newton optimization is used for minimizing (6) with the total variation of the deformation field m u as regularization term. The tensor reorientation is embedded in the registration framework.
RESULTS
We compared our STOP methods with two state-of-the art structure-based registration methods: DRAMMS and MIND. Two datasets were used for the comparison: (1) synthetically distorted MRI brain data and (2) abdominal MR images.
Synthetic brain data
We simulated images by applying an intensity distortion to brain MRI data as described by Myronenko et al. 14 . First, a spatially varying intensity distortion was applied to a brain MR image to create the fixed image (see Figure 2 , first column). Second, another intensity distortion was applied to the same original brain image in a comparable manner. Thereafter, a geometric distortion with a thin-plate spline (TPS) model was applied to this image to get a second image, the moving image (see Figure 2 , second column). The registrations of the moving image to the fixed image by the three different methods are shown in the remaining images of Figure 2 . The DRAMMS and MIND methods were applied using their default settings. One can conclude from Figure 2 that only the proposed method has the ability to deal with images suffering from signal fluctuation (see the regions pointed out by yellow arrows).
We randomly generated 100 different moving images to further evaluate the methods. Subsequently, we calculated the root mean square difference (RMSD) between the imposed and estimated spatial deformations by the different registration methods. The results are shown in Table I . One can see that the STOP method gave the smallest RMSD, which was significantly better than the other methods as assessed by a two-sided signed rank test (p<0.05).
Abdominal MR images
Abdominal MR datasets of 30 patients from a previous study into Crohn's disease 15 were used to evaluate our registration method. Our aim was to register a DCE-MRI series to a post-contrast MR image. Time intensity curves (TICs) from the DCE-MRI series contain important information about the disease activity 16 . Diseased regions were delineated on the post-contrast MR image, which had higher resolution (see Figure 2 , second and third rows). In the previous study these annotations were used to measure the thickness of the bowel wall and the length of the diseased part. Accurate registration between DCE-and post-contrast MRI allows combining complementary information within the annotated regions. The DCE-MRI series (450 volumes) were firstly registered to themselves by using the method described in 16 . This left around 100 registered volumes and one expiration phase DCE-MRI template for each patient. The DCE-MRI template image was registered to the post-contrast MR image to obtain spatial alignment. The three registration methods as before were used to do so. A visual comparison is shown in Figure 3 . An experienced radiologist annotated two diseased regions on the post-contrast MR image (red polygons). The annotations were then copied to the DCE-MRI template prior to and after registration by DRAMMS, MIND and STOP. The yellow arrows point out the registration errors. One can see that DRAMMS failed in regions with strong signal fluctuations (e.g. second row: the bladder; third row: the bowel wall). MIND already facilitated improved registration in those regions. However, errors still occurred around the bowel wall, because MIND is not fully invariant to signal fluctuations, which makes that this method gets trapped in a local minimum.
After registering the DCE-MRI template to the post-contrast MR image, we applied the found deformation field to the entire set of pre-aligned DCE-MR images. Subsequently, TICs were derived from the annotated diseased regions copied from the post-contrast MR image. A tri-exponential function was fit to the TIC after of which one fit parameter called 1 A reflects the strong upward slope of the TIC 16 . We correlated this feature to the Crohn's Disease Endoscopic Index of Severity, CDEIS 17 . The results are shown in Table II . It turns out that the STOP method gave the highest and one-andonly significant correlation (r=0.53, p=0.03). 
CONCLUSION
We proposed a new local structure representation based on the structure tensor of the local phase image. It facilitates image registration in the presence of large intra-image signal fluctuations. The registration results that we obtained demonstrated that the new technique outperformed state-of-art structure-based methods. The proposed framework can be adapted to different registration purposes by using a different type of structure tensor (e.g. gradient tensor) or different measures of the local phase (e.g. phase congruency). 
